Abstract-Running is a popular physical activity that improves physical and mental wellbeing. Unfortunately, up-todate information about runners' performance and psychological wellbeing is limited. Many questions remain unanswered, such as how far and how fast runners typically run, their preferred running times and frequencies, how long new runners persist before dropping out, and what factors cause runners to quit. Without hard data, establishing patterns of runner behavior and mitigating challenges they face are difficult. Collecting data manually from large numbers of runners for research studies is costly and time consuming. Emerging Social Networking Services (SNS) and fitness tracking devices make tracking and sharing personal physical activity information easier than before. By monitoring the tweets of a runner group on Twitter (SNS) over a 3-month period, we collected 929,825 messages (tweets), in which runners used Nike+ fitness trackers while running. We found that (1) fitness trackers were most popular in North America (2) one third of runners dropped out after one run (3) Over 95% of runners ran for at least 10 minutes per session (4) less than 2% of runners consistently ran for at least 150 minutes a week, which is the level of physical activity recommended by the CDC (5) 5K was the most popular distance.
INTRODUCTION
Maintaining regular physical activity is one of the most important ways to stay healthy and reduce the risk of diseases such as cardiovascular disease, type 2 diabetes, and metabolic syndrome. Physical activity not only can help people control weight, strengthen bones and muscles, but also can improve mental health and mood. Research shows that regular physical activity can even reduce the risk of some cancers and increase the chances of living longer [1] . Numerous health benefits of regular physical activity have been confirmed by research results [2] .
The Centers for Disease Control and Prevention (CDC) currently recommends that the minimum amount of physical activity required to stay healthy is a total of 150 minutes per week with each session lasting at least 10 minutes [3] . Running is one of the most popular physical exercises all over the world. Unlike other sports, which may require specially designed fields, running only requires a safe sidewalk, a park, or a treadmill. Most runners only need a pair of running shoes as running equipment. A more comprehensive set of equipment may include weather-appropriate running clothes, a music player, pedometers, fitness trackers, or smartphone applications to log running data.
Up-to-date data on runners is important for helping trainers and health professionals to improve runners' performance and reduce attrition. City planners can also use this data for deciding where to place parks and roads and how to make cities more runner-friendly. Finally, programs and apps that coach runners can utilize patterns observed in similar runners to provide targeted advice. Unfortunately, up-to-date performance data on runners is scarce. Questions such as how far casual runners usually run, their running pace, preferred running times, and running frequency are not readily available. Additionally, information about the emotional and psychological state of runners is even less available. Questions about how long new runners persist before they drop out, factors causing runners to drop out, psychological obstacles they face and various factors that affect them when they run remain unanswered. These questions are hard to answer because collecting data manually from large numbers of runners for research studies is costly and time consuming. Without hard data, establishing patterns exhibited by runners and mitigating specific difficulties that runners face are difficult.
Emerging fitness tracking devices such as the Nike+ series [4] and Fitbit [5] have quickly become popular with casual runners. These devices track runners' performance and automatically upload information about their runs (time, location, pace, distance) and their comments to social networking sites such as Twitter, where they can share their experiences with friends instantly.
Our goal was to gather a large number of runners' messages (tweets) on Twitter, a popular Social Network Service (SNS) , and develop tools to analyze these messages in order to answer some of the questions posed above. Twitter publishes an API that facilitates the collection of a large number of tweets on various topics including fitness and running. By monitoring the messages of runners on Twitter over a 3-month period, we were able to collect 929,825 tweets from a runner group, in which people used sensors and trackers while running. We processed these runners' tweets and analyzed, resulting in a better understanding of current running patterns of a large number of diverse runners. We found that (1) these fitness trackers were most popular in North America (2) one third of the runners dropped out after their first runs, (3) Over 95% of runners ran for at least 10 minutes per session which exceeds the CDC recommendation for maintaining good health but (4) less than 2% of runners consistently ran for at least 150 minutes on each week during our 3-month study (5) holiday season did affect number of runs negatively. We confirmed the popularity of the 5K run, morning run, and afternoon run. To the best of our knowledge, our work is the first large-scale characterization of runners using social networks.
II. BACKGROUND AND RELATED WORK

A. Physical Activity Tracking
Tracking physical activity is important in order to quantify physical health and wellbeing. In the context of physical activity, examples of tracked information include heart rate, respiratory rate, blood glucose level, blood oxygen level, blood pressure, physical activity location, and acceleration. Tracking technologies and measurement devices for personal use are now mature and affordable. For instance, a decade ago, wearable triaxial accelerometers for tracking physical activity were just starting to be used in measurement studies [6] [7] [8] [9] . Today, such triaxial accelerometers are standard build-in sensors on many widely owned smartphones.
As interest in personal physical health increased, user interest in quantifying their "health" has also grown. Companies such as Nike, Fitbit, Withings, and BodyMedia have developed devices that can measure the distance walked by users, number of stairs or building floors climbed, calories burnt, weight changes, and blood pressure fluctuations. Some of these devices can also synchronize users' measurements with applications on their smartphones or upload the data to their personal health records stored in the cloud. Because more and more smartphones are now equipped with GPS and accelerometers, fitness tracking applications can continuously monitor the user, turning their smartphone into a fitness tracker.
Nike was one of the first companies to make fitness tracking devices available to consumers. The Nike+ iPod Sensor was the first device for tracking physical activity in the Nike+ product line [4] . It is a small sensor that can be placed in selected models of Nike running shoes to track runner performance. The Nike+ iPod Sensor can be used in several ways. First, Nike+ iPod, a factory-installed application on the iPod touch and iPhone mobile devices, can read runners' data wirelessly from the radio-frequency transmitter (Nordic Semiconductor nFR2402) onboard the Nike+ iPod Sensor. This application also uploads the runner's data to the user's account on Nike+'s website. Second, Nike+ SportBand is a tracking bracelet that can communicate with Nike+ iPod Sensor. Users can connect it to a computer through a USB and upload running records.
Following the success of the Nike+ iPod Sensor, Nike developed two devices that do not have to work with Nike+ iPod Sensor and Nike running shoes: Nike+ SportWatch GPS and Nike+ FuelBand. Nike+ SportWatch GPS tracks the running distance using GPS. Data upload can be done by connecting it to a computer's USB interface. Nike+ FuelBand is an activity tracker that can be worn on the wrist. It has an embedded accelerometer which calculates the number of steps taken and calories burnt. It can communicate with a personal computer through its USB interface or with iPod touch and iPhone through Bluetooth for uploading running records.
As mentioned, more and more smartphones are now equipped with GPS and accelerometers. Nike later developed a GPS tracking application for iPhone and Android phones (with GPS) called Nike+ Running App. If a user is running indoors and no GPS signal can be detected, the app can estimate the distance using the phone's built-in accelerometer.
Hereafter, we shall refer to these Nike runner tracking devices and application as "Nike+ trackers", and we shall call the users of Nike+ trackers as "Nike+ users".
B. Data Mining on Public SNS
Social Networking Service (SNS) platforms enable people to share personal interests and news, and to post their current status, increasing access to information about people's daily lives. Twitter [10] is one of the most successful Social Networking Services. It was launched on July 15, 2006 and now has more than 517 million users, who send more than 340 million tweets a day in total [11] [12] . On Twitter, people can join groups by sending tweets with hashtags (#). These groups are based on activities of interest such as running, photography or political views.
In recent years, more and more web/mobile applications, devices and even operating systems have integrated "Share to SNS" and "Auto Sync to SNS" features that automatically post messages to Twitter. Consequently, Twitter has become a large hub of user-generated information. Additionally, Twitter has published APIs that allow posted messages to be retrieved. Researchers can collect data from multiple message streams through Twitter, and analyze them to understand people's behaviors. Specific to our work, running devices such as Nike+ trackers can automatically post SNS messages once runners have completed their runs. These messages typically include runner performance statistics (running time, pace, and distance), as well as comments entered by the runner.
Twitter's message retrieval API is open, well-designed, and RESTful (Representational State Transfer, REST), which has contributed significantly to its success [13] . Using this API, third-party developers can test new ideas using Twitter's infrastructure and researchers have the opportunity to access Twitter's large amounts of data quickly. As such, research into analyzing and mining data on Twitter for various purposes has exploded. Previous work has focused on analyzing Twitter messages for diverse topics including user classification, geolocation detection and topic trend prediction [14] [15] [16] [17] . Our work focuses on analyzing Twitter messages to characterize the performance and behavior of runners.
III. METHODOLOGY
Nike+ users usually upload their running records to Nike+ website as to track their performance. For users that have permitted Nike+ to share their running records on Twitter, once they finish a run, a message (called a tweet) is automatically sent to the user's Twitter account. Since Twitter accounts are public by default, anyone can capture and read these autogenerated runner tweets.
A. Data Source
Twitter provides streaming API that can be used to retrieve batches of messages that have been posted by Twitter users. A client application can be programmed to use this API to establish a long-lived HTTP connection with Twitter's server and continuously receive messages, obviating the need to poll the server. Twitter's Streaming API differs significantly from its REST API in the following ways: (1) No API rate limit: because once the streaming connection is established, no further API calls are needed; (2) No missed tweets: as long as the developer's application server has a very good network connection and runs quickly enough to consume all tweets coming from the pipe, no tweets will be missed.
There are three modes of streaming API supported by the Twitter [18] , each of which controls what messages are received by a client application: 1) Firehose: streams all public messages on Twitter; 2) Sample: streams a small random sample of all public messages;
3) Filter: streams public messages that match one or more specified filter conditions.
In this work, since we analyze only messages that are automatically sent by Nike+ trackers, we use the filter mode to monitor running-related messages posted by these devices.
B. Tool Design
To monitor, analyze, and store running-related messages, we designed a tool with several modules (Fig. 1) including (1) a monitor daemon, for constantly monitoring messages on Twitter; (2) an analyzer, for retrieving running information from message text and associated meta information; (3) a database connector, for communicating with the database and backing up tweets; and (4) a report generator, for generating text reports, .CSV files, and .ARFF files. 
C. Tool Implementation
We implemented our tool using the programming language Scala and the H2 database. Several open source libraries were used in our application including: (1) Twitter4J, a Java library that wraps Twitter's APIs [19] ; (2) Slick, a database query and access library for Scala [20] ; and (3) Weka, a library of machine learning algorithms for data mining [21] .
Twitter users (or devices) can designate the Twitter group(s) on which their messages should appear by embedding the group name prefixed by a "#" symbol in their messages. For instance, messages generated by Nike+ trackers embed the "#nikeplus" keyword. To retrieve these messages posted to the Nike+ runner's group, we filtered Twitter messages using the "#nikeplus" keyword.
In our analysis, we retrieved only messages automatically generated by Nike+ trackers because they had a more uniform format than human-generated messages, and included meta information such as run time, duration, distance, and location of the run. One issue with filtering messages using Twitter group names as keyword is that some tweets sent manually by Twitter users (not auto-generated by Nike+ devices) may also contain this keyword. Therefore, after receiving the messages, we applied a regular expression to filter out the non-auto-sent (human generated) messages. Because different Nike+ trackers use different message formats, our regular expression was designed to match all Nike+ trackers:
^(.*)I (just )?(finished|crushed) a (\d+.\d+) ?(km|mi) run ?(with a pace of (\d+'\d+).* )?(with a time of (.+) )?with
(.+)\..*$ The messages below are examples of messages collected through the process described above. From these messages we could determine the distance, pace, and local time of runs.
IV. DATA ANALYSIS
Our application collected 929,825 tweets containing keyword "nikeplus" in 3 months (from October 10, 2012 to January 9, 2013). We eliminated some categories of tweets for various reasons. We eliminated 338,825 tweets (36.44%) that were not written in English and 45,809 tweets (4.93%) that were written in English but not generated by Nike+ trackers. We also removed (0.66%, 6,144) tweets that were "retweet"s (messages in which users quoted their friends' messages).
We also found 11,717 tweets (1.26%) that we believed were generated for activities other than running, because the speeds of these runs were faster than humanly possible running speeds. Specifically, runs in which the speeds were faster than the world speed records of shorter or equal distances, were adjudged to contain errors and were eliminated. These abnormal runs were generated by Nike+ Run using GPS for tracking) and Nike+ SportW believe that two scenarios may have caused speeds: (1) The location where the user ran unstable GPS signal; (2) The user used Nike+ Nike+ SportWatch GPS while performin activities such as bicycling or driving.
After removing the above tweets, we 524,330 runner messages (56.39%) th automatically by Nike+ trackers owned by Twitter users. Hereafter, we shall call these me since a single message is typically auto-genera
A. Running Statistics
All runs contain distance information eith "kilometers". 278,897 runs (53.19%) have du and 362,384 runs (69.11%) have UTC o timezone's offset from a reference timezone used to calculate the local time of the run.
1) Location of Runs
Each Twitter user has a profile in whi additional information about themselves such and timezone. Since Twitter allows users to f into the location field, locations sometimes w For instance, some users filled in "somew "Mars", and "parallel universe" as locations that multiple cities shared the same name. Fo users filled in "Worcester" in the location difficult to tell whether they were in the city Massachusetts (U.S.), Worcester in New Worcester in England (U.K.), or Worcester i (South Africa). Each tweet also has a data fie geographic coordinates. However, only 1231 tweets we collected contained this information Consequently, we used timezone instead location information. As we know, there are The relation between UTC offset and timezo example, timezone "Mexico City" and tim Standard Time" both are in "UTCí06:0 character of timezone helps us get better geoof timezone area. Finally, we found that runn timezones. Colored map [ Fig. 2] shows the runners around world. Table I shows the top which the captured runs occurred.
Since 46.79% of the analyzed runs were Eastern Timezone (US & Canada), Centra Canada), Pacific Time (US & Canada), Moun Canada), and Mexico City, we concluded th trackers were most popular in North America. is that this conclusion may be biased by our English tweets which may have been gene trackers. To double-check our conclusion tha were most popular in North America, w eliminated non-English tweets that were 241,987 runs. Of these runs, 27.49% we America, which still made "North Am geographical region for Nike+ trackers. 
3) Duration
In Fig. 4 , we found 265,797 runs (95.30% of runs with duration information) met the CDC recommended duration for a single physical activity session-at least 10 minutes. However, only a few runners met the other part of the CDC's recommendation-performing at least 150 minutes of physical activity per week to stay healthy [ Fig. 5] . Fig. 6 is a histogram of distances covered by the runners. We found that (1) Runners typically completed integer values of distance as recommended by many training programs. Spikes occured at 2-km, 3.5-km (~2mile), 5-km (~3mile), 6.5-km (~4mile), 8.5-km (5mile), 10-km (6mile), and 16-km (10mile) distances; (2) Runners usually ran slightly longer than these integer distances. We believe these runners kept their Nike+ trackers on during their "warm up" and "cool down" phases before and after running; (3) The distances covered also had a normal distribution, with 5km as the most popular running distance (known as the 5K run, which is popular with both novice and professional runners). We expected that more runs would occur on weekends since people usually have more free time on weekends than on weekdays. Our results, however, surprisingly showed that there was no major difference between weekdays and weekends (Saturdays and Sundays) [ Fig. 8] . Friday is the least popular day to run, perhaps because most people are tired from their 5-day work week or they may prefer to spend their Friday evenings for relaxation and entertainment. Fig. 9 shows seasonal patterns including holidays occurring during our analysis period. Similar to weekends, people did not run more on short holidays. However, people ran less during long holidays such as Christmas and New Year. We also saw a spike for the New Year when many runners try to start the year with a resolution to run more. For each runner, we logged the length of time between consecutive runs. For instance, if a user ran on Monday and Wednesday in the same week, the interval is 2 days. We found 33,428 intervals (7.68%) were less or equal than 0.1 day [ Fig.  10 ]. We believe that was because some users ran multiple times per day. Even though our chosen 3-month study period had several holidays and were winter months in North America and Europe, we were still surprised that 27,222 users (32.63%) only ran once in this 3-month period, and then dropped out [ Fig. 11 ]. This may point to the existence of significant obstacles that led to runner attrition. Reasons for attrition shall be studied more in future work. Fig. 12 shows the frequency f, calculated as the average number of runs completed during the running period: f = n t n−1 − t 0 where t 0 is the time of the first run captured for a given user, t n-1 is the time of the last captured run, and n is the number of runs for that user. Runners captured only once are not shown in [Fig. 12 ]. During our 3-month observation period, we found most runners (82.08%) ran less than twice a week, and 2.55% runners ran every day. 
4) Distance
3) Temporal Patterns
The figure in Appendix I displays daily and weekly run times on a 2 dimensional grid. We found that on weekends, 
# of Users
# of Runs per Week
runners preferred to run in the morning, but on favored afternoons and evenings. On w distances were run. Specifically, the number and half-marathon runs on weekends was sig than that on weekdays [Appendix II].
We also noticed that runners tended to run or slow over short distances (bi-modal). For most runners reduced their speeds, presuma those longer distances. Essentially, runners narrow range of running speeds (consistent distances as shown in Appendix III.
C. Groups of Runs
In previous sections, we found that runs we distributed on any attribute, which implied tha similar to each other and clustered. In order to similar runners, we performed a clustering o sample) of our dataset. As previously men speed, and hour of the day approximate distributions. Therefore, the K-means al reasonable choice for clustering runs. In o optimal number of clusters, which is an impor K-means clustering; we used the Expectatio (EM) algorithm during clustering. Four cluste 10-fold cross validation [ Table II ]. Thirteen performed. The log likelihood was -8.99851. ave the following were done on ow 1).
2) Cluster 1: Runs in cluster longer distance (column 0) and a m row 0). Saturdays were preferred ru 3) Cluster 2: Runs in cluster 2 h covering from the lowest to the fast distance of this cluster was short (column 1, row 0). Mondays were p 3, row 2).
4) Cluster 3:
The speed of moderate and with a very low varia seldom performed on Sundays and M Thursdays were the preferred runnin No significant characteristic on found among these 4 groups of runs During data analysis, we phenomena, some of which can b experience, but cannot be vali instance, we do not know if the dec because runners want to relax or se work, we shall analyze text and runners' daily tweets to verify our gu We saw that 32.6% of runners dropped out. We would like to und these runners. Did the runners ch physical activities, stop using Nike barriers? If they faced some barri barriers? Toscos et al [23] identified to physical activity in an online fo injury, lack of willpower, and lack find out if these eighteen barriers runners. Analyzing the daily tweets shall also shed more light on these attrition. The correlations between distance, duration, speed, time of the day, day of the week, and time of the next run were not clear. Identifying the underlying correlations can help us build models for predicting impending runner attrition based on the runner's performance history.
Finally, we would like to speculate on potential uses for the data we have presented in this paper. First, healthcare professionals can use our data as statistical evidence for recommending specific runs to their patients. For instance, since 5K and 30-minute runs are popular, they are reasonable recommendations for the patients who need more physical activity and whose physical conditions allow. Secondly, coaching programs and apps can generate personalized advice and feedback based on a runner's history, their performance and patterns we found in our data. For example, if a user usually ran 5 miles at a speed of 10 mph, an intelligent app may advice the user to slow down to 8.5 mph since observed correlations between distance, speed, and frequency, indicate that "running 5 miles at a speed of 10 mph" significantly increased the chances of an injury, which ultimately resulted in a reduced frequency of running. Third, city planners can use our data to make public facilities in their cities runner-friendly. For instance, when should a city turn on the streetlights? While sunset is a major factor, if city planners take into consideration the safety of runners, they may adjust the time of turning on streetlights since many people run between 5PM and 8PM. Finally, for public health researchers, if other data sources are connected, our collected data and developed tool may help them find correlations between the incidence/prevalence of different diseases and the intensity/frequency of running. For example, running twice a week may reduce the risk of getting the flu.
VI. CONCLUSION
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(5#5.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.2% 0.2% 0.4% 0.7% 1.0% 1.3% 0.9% 0.6% 0.2% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 5.5% 11.2% (5.5#6] 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.2% 0.3% 0.4% 0.5% 0.5% 0.2% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 2.3% 4.9% (6#6.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.2% 0.4% 0.6% 0.7% 0.6% 0.4% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 2.9% 6.3% (6.5#7] 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.1% 0.3% 0.4% 0.5% 0.4% 0.3% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 2.1% 4.5% (7#7.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.1% 0.2% 0.3% 0.5% 0.3% 0.2% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 1.6% 3.5% (7.5#8] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.1% 0.2% 0.3% 0.2% 0.2% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.9% 2.3% (8#8.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.3% 0.4% 0.6% 0.5% 0.4% 0.1% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 2.4% 5.1% (8.5#9] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.2% 0.2% 0.2% 0.1% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.9% 2.0% (9#9.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.2% 0.2% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.6% 1.5% (9.5#10] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.2% 0.4% 0.6% 0.5% 0.3% 0.2% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 1.6% 4.0% (10#10.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.2% 0.3% 0.5% 0.4% 0.3% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 1.2% 3.1% (10.5#11] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.2% 0.2% 0.1% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.5%
0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.2% 0.2% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.6% 1.5% (11.5#12] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.2% 0.2% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.4% 1.0% (12#12.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.1% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.3% 0.8% (12.5#13] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.1% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.4% 0.9% (13#13.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.1% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.3% 0.6% (13.5#14] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.2% 0.4% (14#14.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.4% (14.5#15] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.2% 0.5% (15#15.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.3% (15.5#16] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.2% (16#16.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.1% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.3% 0.7% (16.5#17] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.2% (17#17.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% (17.5#18] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.2% (18#18.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% (18.5#19] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% (19#19.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% (19.5#20] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% (20#20.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% (20.5#21] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% (21#21.5] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.2% 0.4% (21.5#22] 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.1% (blank) 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.2% 0.2% 0.4% 1.0% 2.5% 2.7% 3.6% 5.8% 8.1% 10.4% 8.0% 5.6% 2.3% 0.9% 0.3% 0.2% 0.1% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 47.2% 100.0%
Grand& Total
Distance
(kilometer)
Speed& (km/h)
Percentage Grand& Total
